Shifting from the analysis of single nucleotide polymorphisms to the reconstruction of selected haplotypes greatly facilitates the interpretation of Evolve and Resequence (E&R) experiments.
Introduction
Experimental evolution combined with whole genome re-sequencing (E&R) is an effective approach to detect genomic signatures of adaptation . E R studies on complex sexually reproducing organisms like Drosophila use polymorphic founder populations and selection acts mainly on standing genetic variation instead of new mutations (Tenaillon et al., 2012) . Here, the power to detect selected SNPs significantly increases with an increasing number of replicates Long et al., 2015) and time points (Burke et al., 2014) , the most economic approach is to sequence pools of individuals (Poolseq) instead of individual genomes . While estimating population allele frequencies accurately, Pool-seq does not provide linkage information. Therefore, E&R studies typically focus on individual SNPs instead of incorporating the underlying haplotype structure, and frequently report an excess of outlier SNPs responding to selection (Burke et al., 2010; Turner et al., 2011 Turner et al., , 2013 Orozco-terWengel et al., 2012; Remolina et al., 2012; Tobler et al., 2014; Jha et al., 2015; Griffin et al., 2017; , which is not compatible with population genetic theory (Nuzhdin and Turner, 2013) . Franssen et al. (2015) shed some light on the excess of candidate loci by jointly analysing Pool-seq data and experimentally phased haplotypes from the same experiment. They pointed out that a high number of the candidate SNPs in Drosophila melanogaster studies were either located in large segregating inversions (Kapun et al., 2014) which suppress recombination or in genomic regions with reduced recombination rates. Another factor contributing to the large number of candidate SNPs is selection on low frequency alleles. The moderate number of recombination events during the experiment is not sufficient to break up the association between the target of selection and linked neutral variants that were private to the selected low-frequency haplotype. These results show that understanding the genomic architecture of adaptation is a very challenging task and individual haplotypes from evolved populations greatly facilitate it by providing linkage information.
Apart from experimental phasing, which requires living flies (Langley et al., 2011; Franssen et al., 2015) , various methods have been suggested to statistically infer haplotypes from Poolseq data. Taking advantage of sequenced founder haplotypes, the haplotypes of evolved individuals have been determined by regression (Long et al., 2011) , a hidden Markov-model (Cubillos et al., 2013) , maximum likelihood (Kessner et al., 2013) , and a system of linear equations (Cao and Sun, 2015) . These methods rely on the complete knowledge of all involved founder haplotypes (Cubillos et al., 2013) and are limited to a restricted window size because otherwise the error-rate is too high (Long et al., 2011; Kessner et al., 2013; Cao and Sun, 2015) .
A different approach to reconstruct selected haplotype blocks without information about the founder haplotypes was proposed by Franssen et al. (2016) . This approach uses windowbased correlation analysis of allele frequency data across replicates and time points combined with hierarchical clustering. Each cluster of SNPs corresponds to a selected haplotype block. Franssen et al. (2016) focused on haplotype blocks starting from low allele frequencies (≤ 0.03),and marker SNPs which are mostly private to them can be identified by strongly correlated allele frequency changes. This approach successfully identified selected haplotype blocks up to several Mb in simulated and empirical Pool-seq data. Extending the approach of Franssen et al. (2016) to haplotypes by including also alleles with higher starting frequencies, successfully reduced over 50,000 outlier SNPs to 99 reconstructed haplotype blocks responding to selection in experimentally evolved Drosophila simulans populations. Both, Franssen et al. (2016) and relied on experimentally phased haplotypes of evolved populations to validate their results. Without sequences of evolved and ancestral haplotypes, the validation of reconstructed blocks is challenging, as 3 haplotype reconstruction requires ad hoc choices of key parameters which can change the outcome dramatically and are highly dependent on the data set.
Here, we propose a new approach to define the haplotype reconstruction criteria, which avoids ad hoc choices of clustering parameters and does not depend on the availability of phased haplotype data. Our approach takes advantage of the full genomic data to distinguish between statistically significant clustering, most likely caused by directional selection, and random associations. It is implemented in the R package haplovalidate.
Haplovalidate
Haplovalidate is an extension of the R package haploReconstruct (Franssen et al., 2016) , which uses hierarchical clustering on pairwise correlations of SNP allele frequencies at multiple time points. A cluster of correlated SNPs in a genomic window defines a reconstructed haplotype block that increases in frequency over time. HaploReconstruct requires a variety of parameters for haplotype detection, which are typically defined ad hoc and tailored to detect selected haplotypes starting at low frequency. Haplovalidate overcomes these limitations by estimating key clustering parameters from the full genomic data.
Conceptual Idea
The cut-off for determining whether SNPs are clustering or not clustering has a major influence on haplotype reconstruction; too stringent clustering splits regions that belong to the same haplotype block and too relaxed clustering combines independent regions into haplotype blocks (Franssen et al., 2016) . Haplovalidate addresses this by generating haplotype blocks for different SNP correlation cut-offs. The approach aims to identify the correlation cut-off which combines blocks that are not independent, but also separates independent blocks.
The challenge is to determine which blocks are independent. This is achieved by comparing the correlation of SNPs in the focal cluster with SNPs of other clusters on the chromosome (focal cluster correlations) of SNPs in the focal cluster with SNPs from clusters on the other chromosome (background cluster correlation). With no physical linkage between different chromosomes, background cluster correlations are an estimate of random associations.
Each set of haplotype blocks (with a given correlation cut-off) is tested for the independence of its clusters. Allele frequency trajectories generated by the same selection target should be highly correlated even when separated into different clusters by a too stringent SNP correlation cutoff. If this is the case, focal cluster correlations are significantly higher than the background cluster correlations. If there is no significant difference between focal and background correlations, we assume that all clusters on the focal chromosome are independent and represent different selected regions.
Haplotype Reconstruction Parameters
For the reconstruction of haplotypes using haploReconstruct (Franssen et al., 2016) at least eight input parameters are needed. Haplovalidate estimates the key parameters from the data, while others are not modified, but were chosen to fit to a broad set of data (see table   1 ).
Fixed parameters
We fixed the haplotype reconstruction parameters such that alleles starting from any frequency (starting allele frequency between 0 and 1) in at least 1 replicate are included. The allele frequency change threshold parameter aims to focus on SNPs changing more than expected under drift. Because the χ 2 -test and CMH-test used here already account for drift (Spitzer et al., 2019) we set the haploReconstruct threshold to 0. Following , we required at least 20 SNPs for each cluster and only clusters sharing at least 4 SNPs could be merged. 
Variable parameter
In addition to the SNP correlation cut-off, we also varied the window size to fine-tune haplovalidate, as window-size determines the maximal length of reconstructed haplotype blocks. Small windows result in shorter blocks (Franssen et al., 2016) , which facilitates independent block separation. Hence, while it is preferred to have small window sizes, this may result in too few SNPs in a window for a reliable estimate of the cluster correlations.
As the landscape of a Manhattan plot can differ dramatically between experiments, the same window-size is not suitable for all data. To use a window-size accounting for the peak landscape we calculate the median normalised cmh-score sum (MNCS) as the median cmhscore sum per window normalised by the sum of all cmh-scores (see equation 1). We use this parameter to automatically choose the window-size. Window sizes were varied from 0.1 to 10 Mb in 0.1 Mb steps and the MNCS was calculated for each window-size.
Standard haplovalidate analyses use a window-size corresponding to a MNCS of 0.01. In the case that data-sets do not produce a sufficient number of clusters because the windows were too small we used a MNCS of 0.03 and the corresponding window-sizes.
Detailed procedure
Haplovalidate consists of four different steps (see figure 1 ).
Step 1: Haplotypes are reconstructed with minimum cluster correlations ranging from 0.9 to 0.3 in 0.1 steps. The reconstruction with most clusters is used as starting point to determine focal and background cluster correlations.
Step 2: We normalise allele frequency data by using arcsine-square-root transformation followed by centring and scaling. Cluster correlations are computed by calculating the distribution of median allele frequency trajectory correlations between two clusters. These two clusters can be either clusters within the window used for haplotype reconstruction (focal cluster correlations) or clusters on different chromosomes (background cluster correlations).
Focal cluster correlations can be only calculated if at least two clusters are present in a given window. Windows containing only one cluster are not considered. For clusters with more than 2000 SNPs only 2000 randomly selected SNPs were used to increase computational efficiency.
Step 3: Cluster correlations are normalised using the Fisher transformation (Fisher, 1915) .
The difference in focal and background correlations is determined by a one-sided t-test.
In the case of a significant difference between chromosome and background (p-value < 0.025), the procedure is repeated with step 1 and a less stringent minimum cluster correlation (0.01 steps). If there is no significant difference between chromosome and background (p- Figure 1 : Overview of the iterative procedure to define haplotype blocks with haplovalidate. The haplotype reconstruction starts with stringent parameters (step 1). The correlation of SNPs from different clusters on the same chromosome (focal cluster correlation) and are compared to the correlation of SNPs from clusters located on different chromosomes tested for significant differences (step 2, 3). If focal cluster correlations are higher than the background correlations, this indicates that a too stringent correlation cut-off was used and haplotype reconstruction is repeated using less stringent parameter (back to step 1). If focal cluster correlations are similar to background correlations, the last significant haplotype reconstruction is used and regions with overlapping clusters are filtered for the most dominant cluster (step 4).
value ≥ 0.025), haplovalidate uses the last significant haplotype reconstruction, therefore reducing non-independent haplotype blocks to a minimum. Both, focal cluster correlations and background cluster correlations need at least three values for significance testing. If fewer than three values are available, haplovalidate returns no result.
Step 4: If a selection target is present in several haplotypes, they will be identified as independent, overlapping clusters. To identify the dominating cluster per selection target, we filter genomic regions with overlapping cluster for the cluster with the most significant allele frequency change (cmh-test/χ 2 -test, Spitzer et al. (2019)).
Multiple-target haplotypes
Selection targets that share a haplotype have highly correlated allele frequency trajectories . Whereas the analysis of F60 results in one region, generation of F20 results in two separate regions, which correspond to haplotype groups present at these time points. Selected SNPs show the same colours as in plot 2 and in the left panel.
Methods
We evaluated the performance of haplovalidate using a range of sweep simulations with different numbers of targets and selection coefficients. We applied haplovalidate to two already published D. simulans E&R studies and compared our results to the original studies.
If not stated otherwise, all analyses were conducted with R version 3.6.0 (R Core Team, 2016) and the R package poolSeq version 0.3.1 (Taus et al., 2017) and haploReconstruct 0.1.3_3 (Franssen et al., 2016) .
Simulations
We performed 1000 genome-scale forward simulations covering the two main autosomes of D.
simulans using using MimicrEE2 v206 (Vlachos and Kofler, 2018) , simulating diploid sexual organisms and loci with constant selection coefficients. We mimicked an E&R experiment in Drosophila simulans consisting of 10 replicates with a population size of 1200 each, evolving for 60 generations. We extracted allele frequencies for every 10th generation (sync file format, Kofler et al. (2011) ) and haplotypes for the most evolved generation (F60). We restricted our analysis to the main autosomes of D. simulans (chromosome 2 and chromosome 3).
The founder population was created from 189 experimentally phased haplotypes originating from a natural D. simulans population . We generated the same number of simulations for 16, 32, 64 or 128 selected loci (equal number of loci on both chromosomes).
Starting allele frequencies and selection coefficients were taken from . The corresponding number of loci was drawn from the set of 99 selection targets without replacement. In the case of 128 loci, 29 randomly chosen value pairs were used twice. SNPs matching the allele frequency were randomly chosen from the founder population. We used the D. simulans specific recombination map (Dsim_recombination_map_LOESS_100kb_1.txt, Howie et al. (2018) ). We generated "Pool-seq data" with 50x coverage and added sequencing noise by binomial sampling based on the allele frequencies.
Candidate SNPs 
Results

Haplovalidate Performance
We benchmarked haplovalidate using 1000 selective sweep simulations on two entire chro- Haplotype blocks containing multiple targets of selection can either be present at the beginning of the experiment or emerge in later generations due to a recombination event.
Using the founder haplotypes, we can determine whether haplotype blocks containing multiple targets were already present in the founder population.
Across all simulations 34,424 targets SNPs (84 %) were located on a haplotype with other targets SNPs at generation 60. 95 % of these targets share haplotypes already in the founder population. This is significantly more often than random pairs of 35,000 SNPs having the same distances (χ 2 -test, p-value < 0.001). This result indicates that haplotype structure in the founder population pre-determines the occurrence of shared haplotype blocks. figure 5 ). This was also observed when simulations with different numbers of selection targets were analysed separately (see supplementary data S1).
Using only intermediate time-points resulted in many clusters not containing a selection target (56 % for F20 and 24 % for F30, see supplementary data S2). 74 % of these clusters are based on hitchhiking SNPs connected to a target of selection, but while the hitchhikers passed the significance threshold, the causative SNP did not and was therefore not included in the clustering. Hence, even when the causative SNP is missing from the candidate SNPs, the correct selected region can be already identified in early generations (for an example see 
Real Data
The clustering of is based on clustering parameters that were crosschecked with experimentally generated haplotypes. Hence, we were interested, whether it is possible to recover the same clustering with haplovalidate, without consulting evolved haplotypes. Using the candidate SNPs from with haplovalidate (MNCS 0.01) resulted in the identification of very similar clusters (see figure 7) . Instead of 88 clusters, haplovalidate detected 87 haplotype blocks of which 85 overlap at least for 95% with regions from . Vice versa, 81 regions detected by overlap at least for 95% with haplovalidate.
When applied to the 1000 most significant SNPs for each chromosome of the data of 
Discussion
Moving from a SNP-centric analysis to the identification of selected haplotype blocks provides a significant advancement of E&R studies . Introducing haplovalidate, which reconstructs selected haplotype blocks from genomic E&R time-series data, we provide a tool, to make the reconstruction of selected haplotypes a routine method that does not rely on the availability of haplotype information, neither from the founder population, nor from evolved individuals. Haplovalidate can be applied to a broad range of data, including few selection targets (Mallard et al., 2018) as well as many . We attribute this generality to the data-driven selection of two key parameters of the clustering procedure, the minimum correlation between SNPs constituting a cluster and the window size.
Nevertheless, our study also demonstrated the limits of a haplotype block-based analysis of the adaptive architecture. We noted that a high fraction of the reconstructed haplotype blocks contained multiple selection targets, leading to a substantial under-estimation of selection targets, if each haplotype block is considered the outcome of selection operating on a single target in this block. Restricting the analysis to intermediate generations (up to F20 or F30) improved the resolution -significantly more single-target blocks were identified while fewer multiple-target blocks with a fewer selection targets are detected (see figure   5 ). Interestingly, most multiple-target haplotype blocks were already present in the founder population, indicating that the initial haplotype structure is an important factor for shaping the genomic signatures of selection. More work is needed to understand how the haplotype composition of the founder population in combination with the number of founder haplotypes affects the power of E&R studies.
